Abstract Tropical cyclones (TCs) cause catastrophic loss in many coastal areas of the world. TC wind hazard maps can play an important role in disaster management. A good representation of local factors reflecting the effects of spatially heterogeneous terrain and land cover is critical to evaluation of TC wind hazard. Very few studies, however, provide global wind hazard assessment results that consider detailed local effects. In this study, the wind fields of historical TCs were simulated with parametric models in which the planetary boundary layer models explicitly integrate local effects at 1 km resolution. The topographic effects for eight wind directions were quantified over four types of terrain (ground, escarpment, ridge, and valley), and the surface roughness lengths were estimated from a global land cover map. The missing TC parameters in the best track datasets were reconstructed with local regression models. Finally, an example of a wind hazard map in the form of wind speeds under a 100-year return period and corresponding uncertainties was created based on a statistical analysis of reconstructed historical wind fields over seven of the world's ocean basins.
Introduction
Tropical cyclones (TCs) cause casualties and enormous economic losses in the coastal areas of the world (GuhaSapir et al. 2013) . Annually, there are approximately 90 TCs globally . Wind is one of the major hazards of TCs, which not only brings direct property damage but also determines the intensity of other secondary hazards, such as storm surge and waves.
Tropical cyclonic wind hazard is often quantified by the statistical distribution of storm intensity and frequency and is delineated in the form of a wind speed map of the return period . For a single site, the frequency of wind speeds is usually analyzed with methods like the extreme value theory (EVT), which is based on historical ground meteorological observations (Elsner et al. 2008) . For local areas, ground observations might be insufficient and modeling of historical or stochastic simulated TCs based on the Monte-Carlo method (Russell 1969; Huang et al. 2001 ) is needed. For larger areas, methods using basin-wide stochastic simulations of full TC tracks have been developed (Vickery et al. 2000; Emanuel et al. 2006) .
A TC wind field can be simulated by numerical or parametric methods. Although numerical models, such as the Weather Research and Forecasting (WRF) model (Skamarock et al. 2005; Nolan et al. 2009 ), have been widely used in wind field reconstruction and forecasting, parametric wind field models gained popularity in TC wind hazard assessment for their satisfactory modeling accuracy with limited TC parameters as inputs. Usually, the key parameters can be obtained from historical TC track datasets, and great efforts have been made to compile the best tracks around the globe . But derived parameter values sometimes are of low reliability, and the poor quality of TC parameters may influence the reliability of parametric models.
Progress on TC wind hazard assessment displays great regional disparity among countries and regions. At the country level, wind hazard models have been developed and widely applied in several TC-prone countries. For example, in the United States, the HAZUS hurricane model has been developed and improved since 1997 (FEMA 2012) , and the Florida Office of Insurance Regulation has supported the development of the Florida Public Hurricane Loss Model (FIU 2011) . In Central America, the Comprehensive Approach to Probabilistic Risk Assessment (CAPRA) has been developed covering many countries (Cardona et al. 2012) , and, in Australia, the Tropical Cyclone Risk Model (TCRM) was developed in 2008 (Arthur et al. 2008 ) and was released in 2011 (Summons and Arthur 2011) . At the global scale, the global historical TC wind fields were simulated in 2011 using a parametric wind field model (Holland model) for all basins around the world, which was supported by UNEP (UNISDR 2009 (UNISDR , 2011 . Based on this study, global wind speed maps at various return periods were derived (Giuliani and Peduzzi 2011), and the methods were slightly improved in (CIMNE 2013 UNISDR 2013 UNISDR , 2015 .
A large gap still exists in the improvement of global wind hazard assessment. In general, wind hazards are spatially heterogeneous, and local factors, such as altitude, slope and aspect, land use and land cover, greatly influence wind profiles at the local scale FEMA 2012) . However, in most existing studies at the country or global scale, the impact of local factors on TC wind hazards is oversimplified or not considered (Vickery et al. 2000; Arthur et al. 2008; UNISDR 2009 UNISDR , 2011 UNISDR , 2013 UNISDR , 2015 . The lack of observations of important TC parameters Landsea and Franklin 2013; Ying et al. 2014 ) also poses a great challenge to the modeling of wind fields. As a result, there are few TC wind hazard products for the Northwest Pacific (NWP), North Indian (NI), and South Indian (SI) basins that are publicly available, although a few proprietary models have been developed and released in the form of a black box (FIU 2011) .
The objective of this study is to map the TC wind hazard at the global scale through parametric wind field models selected for seven ocean basins, which is part of the overall effort to map a variety of global disasters (Shi and Kasperson 2015) . The effects of local factors, including topography and surface roughness, are modeled and discussed in detail in this article. Based on the simulated wind fields with historical observed or reconstructed TC parameters, the hazard maps are developed through a statistical analysis of wind intensity and frequency that considers uncertainty.
Datasets
The main datasets used in this study included the TC best tracks observed by regional meteorological centers Landsea and Franklin 2013; Ying et al. 2014 ). In the datasets, TC parameters, including TC number, time (year, month, day, and hour), locations (longitude and latitude of TC center, lon and lat), central pressure (P c ), maximum wind speed (V m ), and radius of maximum wind speed (R m ), are archived at a time interval of 6 h. The World Meteorological Organization (WMO) has been integrating all TC best track datasets through the International Best Track Archive for Climate Stewardship (IBTrACS) project , which may produce inhomogeneities in both temporal and spatial dimensions owing to different data sources .
In this study, the TC best track dataset of seven ocean basins are used. Following the quality comparison studies, the China Meteorological Administration (CMA) best track dataset (Ying et al. 2014) for the NWP, the U.S. National Hurricane Center's North Atlantic hurricane database (HURDAT) (Landsea and Franklin 2013) for the North Atlantic (NA), Northeast Pacific (NEP), and Central Pacific (CP), and IBTrACS for the other three basins-NI, South Pacific (SP), and SI, were adopted. The map of archived historical TCs is shown in Fig. 1 , and displays storm intensity according to each storm's maximum sustained winds (SAC 2006) . For NEP and CP, the TC tracks are usually trans-boundary and cover both basins therefore the two basins are treated as one unit for analysis, as shown in Fig. 1 . For South Atlantic (SA) basin, the genesis of TC is very rare (Mctaggart-Cowan et al. 2006 ) and therefore SA is excluded in this study.
A digital elevation model of the world is needed to reflect the topographic effects on TC winds. In this study, the 1 km GTOPO30 data (USGS 1996) were selected after being compared with other freely available global digital elevation model (DEM) products, such as the 90 m Shuttle Radar Topography Mission (SRTM) (Jarvis et al. 2008) and 30 m Global Digital Elevation Model (GDEM) (ASTER GDEM Validation Team 2011). For wind field modeling, 1 km is an appropriate resolution owing to the computation resource requirements.
Another dataset for wind field modeling is land use or land cover, which is used to estimate the surface roughness length. In this study, the global land cover classification for 2000 version 2.0 (Loveland et al. 2000) , which is based on the USGS Land Use/Land Cover System Scheme (USGS 2001), was selected to derive global surface roughness lengths because its resolution is identical to that of GTOPO30, and its classification system can be easily matched to that of the empirical roughness length look-up table.
Methods
In general, parametric wind field models consist of a gradient wind model and a planetary boundary layer (PBL) model (FEMA 2012) . The gradient wind can be simulated with observed TC parameters, such as location, intensity, size, moving direction, and speed, which are usually available or can be derived from the TC track dataset. The PBL model converts gradient winds to surface winds at a height of 10 m by considering the effects of local terrain and surface roughness and therefore helps improve the spatial heterogeneity modeling of wind speed, which is of great importance to wind hazard assessments.
Gradient Model
As the first component of the wind field model, the gradient model simulates the asymmetry of the TC gradient wind field without considering the influence of near-surface terrain. A cyclonic gradient wind is usually considered to be the superposition of two parts: one is the fixed circular symmetry wind field, which can be obtained by the gradient wind balance equation, and the other is the moving field associated with the cyclone's forward speed (Chen 1994) . It is critical to correctly represent the TC wind field given parameters available from best track data, such as location (lon and lat), intensity (P c and V m ), size (R m ), translation speed (F s ), and direction (F d ) (FEMA 2012) .
Because each basin has a different temperature, ambient pressure, and corresponding sources of TC track-intensity data, it is possible to introduce unexpected bias if only one universal model is used for all of the seven basins, as discussed in previous research (UNISDR 2009 (UNISDR , 2011 . Instead, in this study, a representative model was selected for each basin after reviewing existing models. The models and their input parameters for the seven basins are listed in Table 1 , where Z 0 is the roughness length, T f is topographic factor, Z (10 m) is the simulation height, and P n is ambient pressure. The gradient models for NWP, NI, SP, and SI need the modeling of parameter Holland B to reflect the shape of the wind profile, which can be computed with historical data with the methods listed in Table 1 . Detailed discussions on Holland B modeling and its empirical value ranges can be found in Lin and Fang (2013) .
Boundary Model
In the boundary (near-surface) layer, TCs are strongly influenced by the underlying terrain, which is distinctly different from the sea (Wong and Chan 2007) . To assess wind hazard, the PBL model must convert the gradient wind to the near-surface wind. Similar to the gradient models, the PBL models for the seven basins were adopted after reviewing existing studies.
The units used for TC sustained wind speeds may vary by country, ranging from 1-, 2-to 10-min averages. In this study, all sustained winds are converted into 3-s gust winds according to a past study (ESDU 1983 ) because gust wind is regarded to have the best statistical relationship with TC damage.
In addition to the TC center (lon and lat), intensity (P c and V m ), and size (R m ), which are available in the best track data, the other main input parameters of the PBL models are terrain roughness (Z 0 ) and topographic factors (T f ). These parameters can be derived with digital elevation data and land use/cover data.
Surface Roughness
The location of zero wind speed in the vertical wind profile, which is defined as the aerodynamic roughness length Z 0 (Prigent et al. 2005) , is not at the land surface but at a certain height above the surface. According to the PBL model (Meng et al. 1997) used in this study, the vertical wind profile is given by
where U z is the wind speed at height z, U g is the gradient wind speed at the gradient layer height z g , and a u is the power law exponent for the wind speed profile. Both z g and a u are dependent on Z 0 and therefore the surface wind speed is heavily influenced by the value of Z 0 . For small-scale studies, surface roughness can be determined by direct field observations or wind tunnel tests (Wieringa 1992) . For large areas, roughness length is usually estimated from land cover data determined from remote sensing images (Silva et al. 2007; Ramli et al. 2009 ). Currently, there is no definite standard for categorizing Z 0 (FEMA 2012) . In this study, the relationship between land cover type and empirical roughness length was summarized based on past studies (Wieringa 1992; Davenport et al. 2000; Wieringa et al. 2001; Silva et al. 2007; FEMA 2012) . Based on the look-up table shown in Table 2 , the global roughness lengths at a resolution of 1 km grid were estimated from the GLCC data (Loveland et al. 2000) , as shown in Fig. 2. 
Topographic Factor
Complex terrain has a pronounced impact on the nearsurface wind speed, pressure, and turbulence structure. Consequently, the wind fields in these areas exhibit a significant difference from those over flat regions (Ngo and Letchford 2009 ). An illustrative diagram to display the variations in the vertical wind profiles owing to different terrain features is shown in Fig. 3 based on Davenport et al. (1985) , CAPRA (2008), and BSI (2005) . According to the figure, there is a great increase in wind speed over hills and cliffs, which is important when modeling wind hazards.
To calculate the local near-surface wind speed more precisely, the surface wind speed over non-flat areas are usually corrected from the modeled wind speed over flat terrain with a topographic factor, T f :
where V m is the mean wind velocity at height Z above a non-flat terrain and V mf is the mean wind velocity above flat terrain. The value of T f is usually empirically derived according to terrain type and wind direction. Wind-load codes for the design of building structures, which are usually based on a wide range of theoretical and practical verifications, can be utilized to compute wind speed-up correction. The speedup factors for different building codes may vary due to The methods in the building codes were originally developed for construction design at specific sites where the terrain type can be easily observed and determined. In this study, we combine mesoscale wind field modeling with microscale speed-up modifications by considering topographic factors. To compute automatically the speed-up factors of all pixels, a GIS algorithm was developed to determine the type of terrain feature for every pixel in the world at eight wind directions. According to the algorithm, a given TC wind direction is within the 22.5°sector on both sides of a certain prevailing wind direction. For a given pixel, if its windward slope is greater than 0.05°and its leeward slope is less than 0.05°, it is classified as a cliff. When both are greater than 0.05°, it is defined as a hill. Otherwise, the pixel is regarded as ground or valley with a topographic factor of 1.0. As an example, the topographic factors at 1 km resolution for the eight directions over Hainan Island (108°-111°E, 18°-20°N), China, are displayed in Fig. 4 based on GTOPO30 DEM data.
Estimation of Missing TC Parameters
The values of P c and V m , especially of R m , are not available in some TCs of the best track datasets. Previous research has shown that there is a significant statistical relationship between the TC central pressure difference (DP) and V m in the form of V m = A(P n -P c ) B , in which DP is the difference between the environmental pressure (P n ) and the TC central pressure (P c ), and A and B are fitting constants (Takahashi 1939; Atkinson and Holliday 1977; Harper 2002) . The average ambient pressure, P n , may vary by several hPa in the seven basins; based on past studies, P n in NI was set to 1013.25 hPa (Islam and Peterson 2008) , in NA, NEP, and CP was set to 1013 hPa (Landsea et al. 2004) , and in the other three basins was set to 1010 hPa (Atkinson and Holliday 1977; Holland 2008) . Based on the existing records in the best track datasets, the fitted relations between V m and P c and their coefficients for the seven basins are established (Table 3) .
The values of R m for most TCs did not exist in most historical records until observations became available in 2001 . In this study, the empirical functions of R m to other TC variables (P n and lat) in the seven basins were obtained from existing studies (Vickery and Wadhera 2008; FEMA 2012) . For the NWP, NI, SP, and SI, the values of R m were estimated based on the Joint Typhoon Warning Center (JTWC) dataset as integrated into IBTrACS. Whereas for the NA, NEP, and CP basins, past research results were used (Vickery and Wadhera 2008) . The percentages of missing parameters from the best track datasets and the equations for estimating R m are listed in Table 3 , in which a high percentage of missing P c values in the NA was caused by a lack of measurements before the 1950s. To reflect temporal changes in wind, the simultaneous wind fields of a TC can be simulated over short temporal intervals, such as 10 or 15 min. In this study, all parameters in the best track datasets were linearly interpolated to 10 min (Li et al. 2014) . The TCs selected in this work included all land-falling TCs and all bypassing TCs with a gradient wind exceeding 5.5 m/s over land (terrain and roughness effects were not considered); TCs with no influence on land were excluded from simulation (Table 4) .
Wind Field Validation
Based on the above wind field models, the instantaneous wind field, which is referred to as a snapshot, at any specific time can be simulated, and the maximum of all snapshots can be derived for each TC (called a footprint). In this study, the footprints of historical TC events (Table 4) were computed based on the simulated snapshots at 10-min intervals, including the strongest 3-s gust wind and both 2-and 10-min sustained winds.
The gradient models used in this study have been widely validated in NA (Willoughby et al. 2006) , NEP (Willoughby et al. 2006), and SP (McConochie et al. 2004) , as well as the PBL model in SP. For NWP, NI, and SI, the same PBL models were chosen to simulate the wind field basin as listed in Table 1 . Few local, validated studies based on these models are available in NWP, NI, and SI.
To show the performance of the models used in the NWP, the modeled winds were compared with groundbased wind observations in China. The wind observation data were obtained from ground weather stations. The modeled and observed time series of 10-min sustained winds for four strong TCs making landfall in China are plotted in Fig. 5 . To understand the overall accuracy of the maximum wind time series, the observed and modeled maximum 10-min sustained winds and 3-s gust winds are plotted in Fig. 6 based on the observed daily maximum winds for 36 TCs during the period 1970-2014 from 25 stations located in Hainan Island, China. Ocean basins are: Northwest Pacific (NWP); Northeast Pacific (NEP); CP (Central Pacific); NA (North Atlantic); NI (North Indian); SP (South Pacific); SI (South Indian). Tropical storm parameters include mean wind velocity (V m ), environmental pressure (P n ), central pressure (P c ), and storm wind field size (R m ), while A and B are fitting constants Figure 5 shows that the shapes of the simulated and observed wind speed time series agree well, and their maximum values are similar, which means that the TC wind time series is well captured by the models. The scatterplots shown in Fig. 6 display a statistically significant correlation between the simulated and observed maximum wind speeds. Bias in these parametric models might be introduced from a range of factors. One of the major reasons that our wind field modeling may not be realistic is that one of the key local factors-land use/cover-was kept constant using global land cover data from year 2000 only, instead of using data corresponding to each year. In addition, errors may also be introduced owing to inaccurate or insufficient resolution of the input data and limited model skill.
Wind Hazard Analysis
The generalized extreme value (GEV) theory is often applied to quantify the relationship between the intensity and frequency of extreme natural events (Goldstein et al. 2008) . The Gumbel distribution is usually selected for wind distribution fitting (Rupp and Lander 1996; An and Pandey 2005; BSI 2005) ; its cumulative distribution function (CDF) is
where the scale parameter is h and the location parameter is n. We obtain the moment estimates of h and n asĥ ¼ ffiffi ffi 6 p S=p andn ¼ X À cĥ, and c is Euler's constant (0.577216) (Tiago de Oliveira 1963) . In this study, X and S are the mean and standard deviation of the annual maximum TC wind speed, which can be derived from the time series of the simulated historical footprints. The wind speeds for a T-year return period can be estimated using
In addition to the expected wind speeds at specific return periods, the uncertainty in the estimations is of great importance for understanding and applying wind hazard maps. In this study, uncertainty was quantified via a confidence test. The margin of error at the 95% confidence interval (CI) of wind speeds for a T-year return period can be expressed by 
Taking Meilan station (19.935 N, 110.459 E) in Hainan Province, China as an example, a total of 66 annual maximum TC winds can be obtained from the modeled wind fields. The empirical and fitted CDFs and the wind frequency for Meilan station are plotted in Fig. 7 . In order to reflect the goodness of fitting, the Kolmogorov-Smirnov test (K-S test) was conducted and the results are presented in Sect. 4.2.
Results
In this section, the simulated wind fields of 10 devastative TCs are presented to demonstrate the effects of local topographic and roughness factors. Following that, global TC wind hazard mapping results are illustrated by displaying a100-year return period wind hazard map and its relative uncertainty. The K-S test result for quantifying goodness of GEV fitting is provided as well.
Simulated Wind Fields
In this study, for the seven ocean basins, 5,333,961 snapshots and 5376 footprints were simulated. To present the simulated TC wind fields, the snapshots at landfall and footprints of representative TCs are shown in Fig. 8 for Vera, Saomai, Haiyan, and Rammasun in NWP; Andrew and Katrina in NA; one unnamed TC in NI; Monica in SP; and Tracy and Elita in SI. These devastating TCs caused great casualties and economic losses in many affected countries (Guha-Sapir et al. 2013 ).
In the intuitive illustration of snapshots and footprints in Fig. 8 , the key characteristics of the wind fields are well captured. The spatial heterogeneity of the wind fields is quantified by the PBL models by consideration of the variations in terrain type, slope direction, slope degree, and surface roughness length. Moreover, there is a distinct difference between the winds over the sea and land, which is usually caused by the rapid decay of TCs after landfall. Asymmetry in the simulated instantaneous wind fields are captured because the gradient models are able to integrate the effect of TC forwarding.
Wind Hazard Maps
Based on the historical time series of simulated wind fields and the GEV methods employed, the wind speeds for any return period and the corresponding uncertainty can be estimated. In this article, a global wind hazard map is presented in Fig. 9a for 3-s gust wind speeds with a return period of 100 years. The relative uncertainty in the wind hazard estimation is shown in Fig. 9b .
In addition to the extensively studied areas over NA, Australia, and Central America, the TC hazard intensity in the NWP and NI basins are also strong. Moreover, according to Fig. 9b , the uncertainty is greater in inland areas, where there are fewer historical TC samples.
As shown in Fig. 10 , most of the extreme wind speeds in coastal areas passed 95% confidence level test. Although the inland areas are generally less significant, the errors have less impact since their absolute severities are much lower. 
Conclusion
The development of TC wind hazard maps is of great importance to disaster mitigation, especially for less developed and disaster-prone areas. In the past, most TC wind hazard maps were created for developed areas, and few maps have been developed with detailed consideration of local effects at the global scale. In this study, we mapped the global TC wind hazard by explicitly considering local topographic and roughness factors at 1 km resolution with locally validated models and reconstructed TC parameters. The major improvements include the reconstruction of key TC track parameters, the detailed consideration of local factors in PBL modeling, and the explicit representation of hazard uncertainty.
Existing TC wind hazard research has mainly focused on local-scale modeling and mapping. Although there are several published TC wind hazard maps at the global scale, in these studies, the local factors that are critical for representing local wind heterogeneity were not considered in detail. The main improvement in this study compared to existing research is that it explicitly integrated both topographic factors (terrain type, slope, and aspect) and roughness factors (land use and land cover) at 1 km resolution into the PBL models. The topographic factors for eight wind directions were derived based on the European Standard, and roughness lengths were estimated based on global land cover maps. The verification results showed that the simulated wind speeds agree well with the observed values.
The absence of key TC track-intensity parameters, such as P c , V m , and R m , in some records means that they must be reconstructed prior to the simulation of the wind fields. In this study, we estimated the missing parameters based on empirical regression functions by basin instead of using a general function.
Quantitative TC wind hazard assessments help clarify the spatial distribution and identify regions of high TC wind hazard. The TC wind hazard map for a 100-year return period was produced with its relative uncertainties. This map provides a more comprehensive understanding of wind hazards for decision makers. The hazard maps produced in this study have been tentatively applied in disaster prevention and mitigation in China and the Philippines, especially for the insurance industry and government agencies.
There is still space for future improvement in the field of TC wind hazard assessment. First, the accuracy and reliability of TC input parameters and data could be improved. For example, the empirical functions for estimating missing parameters should be continually improved as more observed data become available, and higher-resolution data, such as GDEM (ASTER GDEM Validation Team 2011), which are capable of generating more accurate local factors, should be utilized. Second, local factors can be obtained not by following the empirical value in the building codes but by detailed numerical modeling based on computational fluid dynamics (Yan et al. 2013) or wind tunnel experiments (Chock and Cochran 2006) . Third, to reduce the uncertainty due to the lack of observed TC samples, stochastic modeling of TC tracks may be employed to improve the reliability of assessment results (Vickery et al. 2000; Fang and Lin 2013) .
